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Chamorro-Premuzic,Winsborough, Sherman, andHogan (2016) describe a
variety of new selection approaches (e.g., “scraping” of socialmedia informa-
tion, gamified assessments) in the staffing domain that might provide new
sources of information about people. The authors also mention advantages
and downsides of these potentially “new talent signals.”
We suggest that the next step is to identify conditions under which these
new approachesmight be best used to increase their probability of providing
accurate job-related information on candidates’ knowledge, skills, abilities,
and other characteristics (KSAOs). Although there has been little scientific
research on these new assessmentmethods, we posit that some guidancemay
be found in the over 100 years of research on personnel selection. Thismakes
sense because, as noted in the focal article, these new tools are mainly tech-
nologically enhanced versions of traditional assessmentmethods. Therefore,
we draw on existing personnel selection knowledge to delineate a set of gen-
eral recommendations tomake these new talent signals lessweak and “noisy”
(i.e., more reliable and valid). We focus primarily on scraping social media
information, although we show how some of these recommendations may
be relevant for gamified assessment as well.
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Evidence-Based Recommendations
Establish Links Between New Talent Signals and Job-Related Constructs
New talent signals from people’s involvement in social media refer to the
content posted on social media. Examples include comments posted on
Facebook or Twitter, preferences for brands mentioned on Facebook pages,
comments on other people’s messages, likes, and membership in specific
groups. As job relatedness is a cardinal rule to ensure validity and fairness, it
is pivotal to map these new signals to job-related constructs (Society for In-
dustrial and Organizational Psychology, 2003; Uniform Guidelines on Em-
ployee Selection Procedures, 1978). To this end, job analysis methods, sub-
ject matter judgments, and theoretical models can be used. Essentially, this
endeavor is similar to earlier research that mapped interviewee answers,
biodata responses, or assessment center observations onto job-related con-
structs. Afterward, the validity of the new signals can be ascertained by cor-
relating them with more common measures of the same constructs or with
criteria the new signals should predict.
So, we recommend that organizations determine beforehand which sig-
nals are indicators of well-known individual differences such as cognitive
ability, knowledge, interests, personality, or motivation (Sackett, Lievens,
Van Iddekinge, & Kuncel, in press). Along these lines, Roth, Bobko, Van Id-
dekinge, and Thatcher (2016) provided a good start in describing how social
media content might be mapped to existing taxonomies of individual differ-
ences (KSAOs). Clearly, our recommendation to establish evidence-based
or theory-based links between these new talent signals and job-related con-
structs applies not only to information gathered via social media but also to
candidate actions in serious games (see Bedwell, Pavlas, Heyne, Lazzara, &
Salas, 2012).
Adopt the Principle of Aggregation
Once job-related signals have been gathered, aggregation is a second cardinal
principle to further reduce the noise of these job-related signals. We adopt
the aggregation principle (Epstein, 1979) for reliability purposes almost ev-
erywhere in psychology. For instance, we use multiple items in scales, rely
on multiple raters (e.g., interviewers), and combine data from several obser-
vations to form an overall evaluation.
In the context of scraping social media content, it is equally important
tomake sure that judgments about candidates’ standing on KSAOs aremade
on the basis of multiple signals. The consistency among these multiple, job-
related social media signals can then be determined as a way of assessing
their reliability (McFarland & Ployhart, 2015). For example, the consistency
among the information captured can be examined across time or across dif-
ferent signals thought to reflect the same job-related construct.
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A specific example of such aggregation consists of combining informa-
tion from different information sources. For instance, some social media
content comes from self-reported information, whereas other information
on social media is provided by others (e.g., endorsements and comments).
Given that self- and other reports each have their respective benefits and
weaknesses (Vazire, 2010), and that other reports have been found to in-
crementally predict over self-reports in the personality domain (Connelly
& Ones, 2010; Oh, Wang, & Mount, 2011), scraping social media for both
sources of information might be beneficial. For example, data from self and
others could be correlated to assess the validity of new talent signals.
Standardize the Evoking and Extracting of Information
Using talent signals derived from social media is not without risks (Roth
et al., 2016). For example, social media platforms often lack standardiza-
tion and might provide abundant information for some people and no in-
formation for others. Another major challenge is that social media such as
Facebook routinely provide personal information that organizations are not
allowed to use for decisionmaking, such as race, religion, political affiliation,
and sexual orientation. Once decision makers are exposed to such informa-
tion (also things like physical appearance and disability status, which can be
apparent from pictures, etc.), it may be difficult for them to ignore. These
issues complicate the task for raters and/or machines to make sense of that
information, such as when comparing job candidates.
To reduce information processing and decision making biases, we sug-
gest taking a page out of the book of structured interviews (e.g., Campion,
Palmer, & Campion, 1997), structured references (e.g., Taylor, Pajo, Cheung,
& Stringfield, 2004), assessment centers (e.g., Woehr & Arthur, 2003), and
research on judgment and decision making in general. In these literatures,
two main approaches have emerged to increase standardization. One ap-
proach consists of standardizing the questions and prompts given to candi-
dates. Clearly, this is a challenge in the context of social media because these
are typically designed to facilitate social interaction rather than to evoke
job-related information (Roth et al., 2016). This is especially the case with
platforms such as Facebook, Twitter, and Google+. However, a professional
and career-related social network such as LinkedIn is different because it has
fixed rubrics that people are asked to complete. In addition, references can
be given in LinkedIn.
Whereas standardizing the assessment of social media information
could be challenging, this is less the case for other new talent signals from
gamified assessment. In such gamified assessment, for instance, one might
elicit relevant behavior because serious games provide a variety of fixed
and dynamic stimuli to evoke job-related information (Bedwell et al., 2012).
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Although people will not follow the same path through the game due to its
adaptive and interactive nature, the general idea is to build in more generic
stimuli (Lievens, Schollaert, & Keen, 2015). For example, such generic stim-
uli might refer to dealing with ambiguity, conflict, scarce resources, or stress.
Different rounds (levels) in a game might be built around one of these chal-
lenges and provide multiple data points of how candidates deal with them.
Another well-known standardization approach relates to providing
training and other aids to raters who must extract and evaluate the infor-
mation available. Again, there exists a rich literature in the interview and as-
sessment center domains of training raters and equipping themwith various
aids. We urge industrial–organizational (I-O) psychologists to rely on this
extensive knowledge base and devise training programs and rating tools to
help raters (e.g., staffing professionals, managers) identify and evaluate rel-
evant signals when screening social media information (Kluemper, Rosen,
& Mossholder, 2012; McFarland & Ployhart, 2015). At the same time, there
have also been rapid advancements in the automated scoring of texts, inter-
views, videos, and work samples (see below).
Use Mechanical Integration
Our suggestion to ensure that multiple signals are gathered from social me-
dia begs the question as to how these signals should be integrated to form
a final judgment regarding candidates’ KSAOs. Generally, two broad ap-
proaches can be distinguished: (a) judgmental/clinical integration via raters
and (b) mechanical/statistical integration via algorithms. In the selection
and educational domains, there is meta-analytical evidence that mechanical
integration outperforms judgmental integration (Kuncel, Klieger, Connelly,
& Ones, 2013). This suggests relying on machine-learning algorithms for
mining social media data. Along these lines, Oswald and Putka (in press)
reviewed a series of innovative tools that can be used for integrating infor-
mation from big data. However, most of these tools require a large sample
to train the algorithm to identify and categorize the information and then
apply this algorithm to score future data (e.g., from actual job applicants).
Two Examples
Two recent studies illustrate the possibilities of using social media informa-
tion to facilitate personnel decisions. Van Iddekinge, Lanivich, Roth, and
Junco (in press) asked college recruiters to review the Facebook profiles of
students who were on the job market and then rate the students on sev-
eral general job-related constructs (e.g., adaptability, leadership, work ethic)
and perceived hireability. The researchers followed up with students 6 to 12
months later to collect supervisor ratings of job performance and turnover
information. The recruiter ratings did not predict performance, turnover
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intentions, or actual turnover. In addition, there was some evidence of sub-
group differences in recruiter ratings that favored White and female ratees.
Although the study design incorporated aggregation and mechanical inte-
gration, it did not incorporate the other recommendations we discussed. Im-
portantly, Facebook information was not tied to job-specific constructs, and
recruiters were not trained on how to search for and evaluate the informa-
tion. Overall, Van Iddekinge et al.’s design may be closer to how recruiters
and other decisionmakers (e.g., managers) currently scrape social media in-
formation (although many organizations likely use even less structured ap-
proaches to scrape social media information) rather than the potential for
what organizations could do to maximize the potential of such information.
Park et al. (2015) also studied the use of Facebook information. Specifi-
cally, the researchers examined personality data from over 66,000 Facebook
users obtained from a third-party application of Facebook (myPersonality).
As such, their approach exemplifies our recommendation to adopt some
standardization in eliciting stimuli. Moreover, they relied on existing theory
and research that has linked language to the Big Five personality dimensions
(see our first recommendation). One part of their sample was used to teach
the machine to categorize linguistic features (words, phrases, and topics)
into the Big Five dimensions. The stability of these language-based analyses
of personality was examined by splitting the data into various time periods
(test–retest reliabilities between .62 and .74). Park et al. used the other part
of the sample to validate the language-based results against self- and other
reports obtained from personality questionnaires (overall convergent valid-
ity correlation was .45). Results also revealed modest correlations between
the language-based personality information (extracted from Facebook) and
external criteria such as life satisfaction.
Epilogue
In this commentary, we emphasized that I-O psychologists should not stand
on the sidelines and engage only in a debate concerning whether organiza-
tions should use the new talent signals derived from scraping social media or
serious games. Such a debate has the risk of widening the existing science–
practice gap in these domains. Indeed, it is important to realize that candi-
dates and organizations are already jumping on these fast moving trains. So,
the key pressing question is this: How can we inform or improve the way or-
ganizations gather and use these new talent signals to make decisions about
people?
Therefore, we posit that I-O psychologists should play an active role in
shaping conditions underwhich these new selection approaches can be used,
thereby buttressing the quality of the data derived from them.We began this
commentary by formulating several recommendations (i.e., link new signals
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to job-related constructs, adopt the aggregation principle, standardize the
evoking and extracting of information, and use mechanical integration) that
are based on knowledge derived fromdecades of research. These recommen-
dations are notmeant to be exhaustive; we urge researchers and practitioners
to build on them and conduct much-needed empirical research. In the past,
we successfully engaged in similar endeavors to formulate evidence-based
recommendations for increasing the quality of the data gathered in unproc-
tored Internet testing (e.g., Bartram, 2008; Lievens & Burke, 2011) and in
competency determinations (e.g., Campion et al., 2011; Lievens & Sanchez,
2007). There is no reason why we could not do this again this time.
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Chamorro-Premuzic, Winsborough, Sherman, and Hogan (2016) note that
new talent signals recently adopted by organizations are related to older
selection and assessment methods. Drawing this connection between old
and new technologies is helpful; however, viewing new technology as either
shiny new objects or a brave new world creates a false dichotomy. Recent
technology-enhanced human resources (HR) processes like the widespread
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